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2 Approach and Methodology
Automatic internal organ segmentation from various imaging modalities is a very
important yet open research problem. Over the past several years, a variety of
segmentation methods have been developed.  Boundary-based techniques such as
snakes [11] start with a deformable boundary and attempt to align this boundary with
the edges in the image.  The solution to these systems generally involves minimizing
an energy functional which quantifies the shape of the model and image information
near the boundary of the model.  To avoid becoming stuck in local minima, most
model-based techniques require that the model be initialized near the solution. User
steered methods such as live wire that are used in day-to-day clinical research find a
global optimum through dynamic programming. Region-based or statistical
techniques such as region growing [3],[7] or MAP-based methods [2] assign
membership to objects based on homogeneity statistics. The advantage here is that
image information inside the object is considered as well as on the boundaries.
However, in the region based framework, there is no provision for including the shape
of the region in the decision making process, which can lead to noisy boundaries and
holes in the interior of the object.
     Like several other recent approaches [4],[20], our design integrates the boundary
and region-based techniques into a hybrid framework.  By combining these
techniques, hybrid approaches offer greater robustness than either technique alone.
However, most previous work still requires significant initialization to avoid local
minima.  Furthermore, most of the earlier approaches use prior models for their
region-based statistics, which we would rather avoid to increase usefulness in
situations where a comprehensive set of priors may not be available.
    We have recently developed a new approach to internal organ segmentation that is
based on the integration of region-based and physics-based boundary estimation
methods [8],[9]. Starting from a single pixel within the interior of an object, we make
an initial estimate of the object's boundary using the fuzzy connectedness method [17]
and clustering. A deformable surface model is then fitted to the extracted boundary
data to fill in the missing boundary data and to override the spurious boundary data
due to image noise. This is achieved by generalizing the formulation of our
deformable models [12] to incorporate simple domain-specific knowledge.
   In this paper we will further develop this approach by integrating deformable
models with fuzzy connectedness, and the region-based color segmentation method
developed at Columbia [7]. In addition, we will present a method based on an
integration of Markov Random Field (Gibbs prior) and deformable models. In
particular we develop two types of automatic segmentation algorithms: 1) Hybrid
Method I: Integration of fuzzy connectedness, Voronoi Diagram; 2) Hybrid Method
II: Integration of Gibbs prior and deformable models.
3   Hybrid Method I: Integration of Fuzzy Connectedness and
Voronoi Diagram
We present a hybrid segmentation method which requires minimal manual




























Οθ ⊂ ∈ µκ ≥ θ θ ∈
∈ − Οθ µκ < θ [ ]ο Θ










κθ Ω κ Ω θ ο ∈
κθ Ω ο κ Ω θ
ο κ ο θ Ω κθ Ω θ ∈
ο ο ∈
{ }∈ =
{= ∈ ≤ ∀ ≠ ≤ ≤















                                                                   Hybrid Segmentation of Anatomical Data           1055
      (a)                (b)               (c)               (d)                (e)               (f)               (g)
Fig.1. Hybrid Method I  (segmentation of temporalis muscles):  (a) Color VH male cryosection
slice, (b) a fuzzy connected component, (c)-(f) iterations of the VD-based algorithm , (g) an
outline of the boundary.
         (a)              (b )          (c)                (d)               (e)               (f)               (g)
Fig.2. Hybrid Method I  (segmentation of brain gray matter): (a) Color VH male cryosection
slice, (b) a fuzzy connected component, (c)-(f) VD-based algorithm, (g) an outline of the
boundary.
   
           (a)                            (b)                             (c)                            (d)
   
            (e)                              (f)                           (g)                               (h)
Fig.3. Hybrid Method I  (segmentation of (MRI) gray matter): (a) MRI patient slice, (b) fuzzy
connected component, (c)-(g) iterations of the VD-based algorithm, (h) an outline the
boundary.
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6  Hybrid Method II: Results
We segmented below, using Hybrid Method II, structures using the VH data (rectus
muscle, Fig.4., and eyeball, Fig.5) and MRI patient data (white brain matter, Fig.6). In
this method, by using the Gibbs prior, we generate a better estimation of the boundary
and it is used as an initialization for the deformable model. We show that Gibbs prior
method can estimate the boundary well in a variety of. The deformable model
provides updated parameters to the Gibbs prior model, and the iterative algorithm is
applied recursively until a refined segmentation is obtained. The Hybrid Method II,
will be validated, in the future, using our rigorous validation methodology.
                     
Fig.4. Hybrid Method II (segmentation of rectus muscle): (a) VH slice, (b) Gibbs prior
estimation (c) deformable model result.
                  
Fig.5. Hybrid Method II (segmentation of eyeball (small scale)) : (a) VH slice, (b) Gibbs prior
estimation (c) deformable model result.
        
              (a)                                 (b)                                (c)                                   (d)
Fig.6. Hybrid Method II (segmentation of white matter from Fig. 3(a): (a)(c) Gibbs prior
estimation, (b)(d) deformable model result.
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